Abstract-Online reviews have become an important source of information for users before making an informed purchase decision. Early reviews of a product tend to have a high impact on the subsequent product sales. In this paper, we take the initiative to study the behavior characteristics of early reviewers through their posted reviews on two real-world large e-commerce platforms, i.e., Amazon and Yelp. In specific, we divide product lifetime into three consecutive stages, namely early, majority, and laggards. A user who has posted a review in the early stage is considered as an early reviewer. We quantitatively characterize early reviewers based on their rating behaviors, the helpfulness scores received from others and the correlation of their reviews with product popularity. We have found that (1) an early reviewer tends to assign a higher average rating score; and (2) an early reviewer tends to post more helpful reviews. Our analysis of product reviews also indicates that early reviewers' ratings and their received helpfulness scores are likely to influence product popularity. By viewing the review posting process as a multiplayer competition game, we propose a novel marginbased embedding model for early reviewer prediction. Extensive experiments on two different e-commerce datasets have shown that our proposed approach outperforms a number of competitive baselines.
INTRODUCTION
T HE emergence of e-commerce websites has enabled users to publish or share purchase experiences by posting product reviews, which usually contain useful opinions, comments and feedback towards a product. As such, a majority of customers will read online reviews before making an informed purchase decision [1] . It has been reported about 71 percent of global online shoppers read online reviews before purchasing a product [2] . Product reviews, especially the early reviews (i.e., the reviews posted in the early stage of a product), have a high impact on subsequent product sales [3] . We call the users who posted the early reviews early reviewers. Although early reviewers contribute only a small proportion of reviews, their opinions can determine the success or failure of new products and services [4] , [5] . It is important for companies to identify early reviewers since their feedbacks can help companies to adjust marketing strategies and improve product designs, which can eventually lead to the success of their new products.
For this reason, early reviewers become the emphasis to monitor and attract at the early promotion stage of a company. The pivotal role of early reviews has attracted extensive attention from marketing practitioners to induce consumer purchase intentions [6] . For example, Amazon, one of the largest e-commerce company in the world, has advocated the Early Reviewer Program, 1 which helps to acquire early reviews on products that have few or no reviews. With this program, Amazon shoppers can learn more about products and make smarter buying decisions. As another related program, Amazon Vine 2 invites the most trusted reviewers on Amazon to post opinions about new and pre-release items to help their fellow customers make informed purchase decisions.
Based on the above discussions, we can see that early reviewers are extremely important for product marketing. Thus, in this paper, we take the initiative to study the behavior characteristics of early reviewers through their posted reviews on representative e-commerce platforms, e.g., Amazon and Yelp. We aim to conduct effective analysis and make accurate prediction on early reviewers. This problem is strongly related to the adoption of innovations. In a generalized view, review posting process can be considered 1 . https://www.amazon.com/gp/help/customer/display.html? nodeId=202094910 2. https://www.amazon.com/gp/vine/help as an adoption of innovations, 3 which is a theory that seeks to explain how, why, and at what rate new ideas and technology spread [8] . The analysis and detection of early adopters in the diffusion of innovations have attracted much attention from the research community. Three fundamental elements of a diffusion process have been studied: attributes of an innovation, communication channels, and social network structures [8] . However, most of these studies are theoretical analysis at the macro level and there is a lack of quantitative investigations. With the rapid growth of online social platforms and the availability of a high volume of social networking data, studies of the diffusion of innovations have been widely conducted on social networks [9] , [10] , [11] , [12] . However, in many application domains, social networking links or communication channel are unobserved. Hence, existing methods relying on social network structures or communication channels are not suitable in our current problem of predicting early reviewers from online reviews.
To model the behaviors of early reviewers, we develop a principled way to characterize the adoption process in two real-world large review datasets, i.e., Amazon and Yelp. More specially, given a product, the reviewers are sorted according to their timestamps for publishing their reviews. Following [8] , we divide the product lifetime into three consecutive stages, namely early, majority and laggards. A user who has posted a review in the early stage is considered as an early reviewer. In our work here, we mainly focus on two tasks, the first task is to analyze the overall characteristics of early reviewers compared with the majority and laggard reviewers. We characterize their rating behaviors and the helpfulness scores received from others and the correlation of their reviews with product popularity. The second task is to learn a prediction model which predicts early reviewers given a product.
To analyze the characteristics of early reviewers, we take two important metrics associated with their reviews, i.e., their review ratings and helpfulness scores assigned by others. We have found that (1) an early reviewer tends to assign a higher average rating score to products; and (2) an early reviewer tends to post more helpful reviews. Our above findings can find relevance in the classic principles of personality variables theory from social science, which mainly studies how innovation is spread over time among the participants [8] : (1) earlier adopters have a more favorable attitude toward changes than later adopters; and (2) earlier adopters have a higher degree of opinion leadership than later adopters. We can relate our findings with the personality variables theory as follows: higher average rating scores can be considered as the favorable attitude towards the products, and higher helpfulness votes of early reviews given by others can be viewed as a proxy measure of the opinion leadership. Our analysis also indicates that early reviewers' ratings and their received helpfulness scores are likely to influence product popularity. We further explain this finding with the herd behavior widely studied in economics and sociology [13] , [14] , [15] . Herd behavior refers to the fact that individuals are strongly influenced by the decisions of others.
To predict early reviewers, we propose a novel approach by viewing review posting process as a multiplayer competition game. Only the most competitive users can become the early reviewers w.r.t. to a product. The competition process can be further decomposed into multiple pairwise comparisons between two players. In a two-player competition, the winner will beat the loser with an earlier timestamp. Inspired by the recent progress in distributed representation learning [16] , [17] , we propose to use a margin-based embedding model by first mapping both users and products into the same embedding space, and then determining the order of a pair of users given a product based on their respective distance to the product representation.
Previous studies have highly emphasized the phenomenon that individuals are strongly influenced by the decisions of others, which can be explained by herd behavior [6] , [13] , [14] , [15] , [18] , [19] , [20] . The influence of early reviews on subsequent purchase can be understood as a special case of herding effect. Early reviews contain important product evaluations from previous adopters, which are valuable reference resources for subsequent purchase decisions. As shown in [19] , when consumers use the product evaluations of others to estimate product quality on the Internet, herd behavior occurs in the online shopping process [19] . Different from existing studies on herd behavior, we focus on quantitatively analyzing the overall characteristics of early reviewers using large-scale real-world datasets. In addition, we formalize the early reviewer prediction task as a competition problem and propose a novel embedding based ranking approach to this task. To our knowledge, the task of early reviewer prediction itself has received very little attention in the literature. Our contributions are summarized as follows:
We present a first study to characterize early reviewers on an e-commerce website using two real-world large datasets. We quantitatively analyze the characteristics of early reviewers and their impact on product popularity. Our empirical analysis provides support to a series of theoretical conclusions from the sociology and economics. We view review posting process as a multiplayer competition game and develop a embedding-based ranking model for the prediction of early reviewers. Our model can deal with the cold-start problem by incorporating side information of products. Extensive experiments on two real-world large datasets, i.e., Amazon and Yelp have demonstrated the effectiveness of our approach for the prediction of early reviewers.
PRELIMINARIES
We first introduce the concepts and notations used in this paper. The symbols and notations used in what follows are summarized in Table 1 .
Let U denote a set of e-commerce users, and P denote a set of e-commerce products. A user review d, a sequence of text tokens, is associated with a set of six elements hu; p; r; s; n Y ; n N i, which denotes that user u 2 U (a.k.a., review 3 . Since users usually only post reviews after they make product purchases, reviews on Amazon correspond to actual purchases most of the time [7] . Even if such correspondence does not exist sometimes, a posted review indicates an interest on a certain product.
writer or reviewer) has posted a review on product p 2 P with the rating r at the timestamp s, and review d receives n Y 'yes' votes and n N 'no' votes from other users. We assume that a product p is associated with a category label c p and a title description t p . Our focus is to study the adoption process of a product, hence, we first build a sorted review list for the product. Given a product p, we can sort its N p reviews according to the corresponding publish timestamps to derive a list of ordered reviews, denoted by L p :
We have s i < s j for i < j ( j N p ) in the list. For product p, d 1 and d N p are respectively the first and last received reviews within an observation window. Based on these notations, we first introduce several important definitions used throughout the paper, as well as their estimation on our datasets.
Products with Complete Lifetime
Definition 1. Product Review Time Span refers to the time span between the first and last received reviews for a product. Formally, given a product p, its product review time span is the range between the timestamps of its first and last reviews, i.e., ½s 1 ; s N p .
Our observation window is defined as the period between the start and end time of datasets. Amazon dataset contains product reviews ranging from May 1996 to July 2014, and Yelp dataset contains product reviews ranging from July 2004 to January 2017. The observation windows are 18 years and 13 years respectively. It might be the case that some products have their reviews falling outside of our observation window. We propose the following strategy to determine whether a product's review time span is complete within our observation window.
Determining the Complete Review Time Span
We first introduce the concepts of leading gap and trailing gap. Given an observation window ½s start ; s end , the leading gap of a product p, denoted by D ðpÞ L , is defined as the time difference between s 1 (when the first review was found within the observation window) and s start , while the trailing gap D ðpÞ T of a product p is defined as the time difference between s N p (when the last review was found within the observation window) and s end . Our key idea is that if the maximum interval between two consecutive reviews of a product p is smaller than both the leading and trailing gaps of product p, then we have observed a complete review time span (e.g., Fig. 1a) . However, if it is not the case, then we have only observed a partial product review time span (e.g., Fig. 1b) . We denote the maximum interval for product p by D 
Estimating the Product Lifetime
Given a product, we take its complete review time span as a proxy measure of its lifetime. It should be noted the time span derived from product reviews may not exactly align with the actual product lifetime from a customer's point of view, i.e., the period of time over which a product is first brought to market and eventually removed from market. Since our current datasets do not contain any explicit purchase information, it is not possible to accurately derive the product lifetime. Nevertheless, as indicated in [7] , many of the reviews indeed correspond to actual purchases. Also, as will be discussed later, the estimated product lifetime is used for dividing reviewers into different groups. Hence, it is reasonable to estimate a product's lifetime by its review time span. In our current work, we are only interested in products with complete lifetime, i.e., complete review time spans.
Early Reviewer Identification
Given a complete product lifetime, we study how to divide the product lifetime into different stages so as to identify early reviewers. In the e-commerce website, the review posting process of users can be viewed as an adoption process of innovations. The process of adoption over time is typically illustrated as a classical normal distribution or "bell curve" and is divided into five stages [8] . Users are then categorized accordingly into five different groups, called innovators, early adopters, early majority, late majority and laggards (see Fig. 2 ). Following [8] , [11] , we apply the classic Rogers' bell curve theory to divide the product lifetime into five consecutive stages. In our datasets, the number of innovators is usually very small, and hence we combine innovators and early adopters as the early reviewers. In addition, we also combine early majority and late majority as majority, since it is usually difficult to reliably distinguish these two groups. Also, we transform the original intervals Fig. 1 . An illustrative example on the complete and incomplete review time span for a product. In our observation window, product p 1 has a complete review time span while product p 2 has an incomplete review time span. Green triangles indicate the observed boundaries of product review time span, and red triangles represent reviews which are outside the observation window.
expressed in terms of the number of standard deviations from the mean into probabilities using simple cumulative distribution computation. The probability ranges for early, majority and laggards are ½0; 0:16Þ, ½0:16; 0:84Þ and ½0:84; 1 respectively. Our final categorization of users is presented in Fig. 2 . With the staged lifetime of a product, we are ready to define early review and early reviewer. Note that both early review and early reviewer are product-specific. A user might post a number of reviews, but only a fraction of these reviews are early reviews of some products. We assume that a user would only post one review for a given product, which is true most of the time in our datasets. As such, the number of early reviews is equal to the number of times that she acts as an early reviewer for some products. The early reviewers are particularly crucial to business organisations since their opinions have high impact on both the decisions of subsequent adopters and marketing strategies or product designs of companies [5] . An important topic in the diffusion of innovations is to find out what kind of traits determine users' tendency to adopt an innovation [8] , [21] .
In what follows, Section 3 first describes the datasets construction. Section 4 then analyzes the characteristics of early reviews and early reviewers. Section 5 proposes a marginbased ranking model for the prediction of early reviewers given a product. Experimental setup and results are presented in Section 6. Related work is discussed in Section 7. Finally Section 8 concludes the paper.
DATA PREPARATION
In this paper, we use the Amazon [7] , [22] and Yelp 4 datasets. Amazon dataset originally contains 142.8 million product reviews ranging from May 1996 to July 2014 and Yelp dataset contains 4:7 million product reviews ranging from July 2004 to January 2017. Each review is a textual comment posted by a user on a product, and is accompanied with its publish timestamp which accurates to days in our study. A review is associated with a rating score in a five-star scale. Each product is associated with a category label and a textual description. Given a review, other Amazon users can vote on its helpfulness using a binary choice of Yes or No button. The number of votes on positive attitude (i.e., Yes) and negative attitude (i.e., No) can be recorded. While in Yelp dataset, other users can only vote on the helpfulness of a review by clicking the Useful button, and explicit negative attitude on the helpfulness is not recorded.
Data Cleaning
Our data cleaning contains two main steps as follows.
Preprocessing
We first remove reviews from anonymous users, since we would like to associate each review with a unique user. We then remove duplicate reviews often caused by multiple versions of the same product. We also remove inactive users and unpopular products: we only keep the users who have posted at least ten and five reviews, and products which have received at least ten and five reviews in Amazon and Yelp datasets respectively. For review text, we remove stopwords and very infrequent words.
Review Spammer Detection and Removal
Our focus is to study the early adoption behaviors of genuine Amazon and Yelp users. However, as shown in [23] , the number of spam reviews has increasingly grown on e-commerce websites, and it was found that about 10 to 15 percent of reviews echoed earlier reviews and might be posted by review spammers. It is possible that spam reviews are posted to give biased or false opinions on some products so as to influence the consumers' perception of the products by directly or indirectly inflating or damaging the product's reputation. The existence of spam reviews could lead to erroneous conclusions in our study. Therefore, we need to remove review spammers as part of our data cleaning process.
Here, we adopt the approach proposed in [24] to remove review spammers. Overall, the approach considers three factors: Early deviation spamming (ED), Review text spamming (RT) and Time based spamming (TS). We employ a linear regression model to combine the three factors to make the final decision, and calculate the score of a reviewer's spamming behavior as: SðuÞ ¼ aS ED ðuÞ þ bS RT ðuÞ þ gS TS ðuÞ. S ED ðuÞ, S RT ðuÞ and S TS ðuÞ are the scores of spamming behavior by the above three factors, a; b; g are the tuning weights for combining these three factors and we have a þ b þ g ¼ 1.
In our experiments, we empirically set a ¼ b ¼ g ¼ 1=3, and finally have identified 4.65 and 4.53 percent users who are likely to be spam users in Amazon and Yelp datasets respectively. The percentage is similar to that reported in [24] .
Basic Statistical Analysis
Using the categorization thresholds listed in Fig. 2 , we label each review with a stage label (i.e., early, majority and laggard). Given a product, the review with an early label is an early review and the user who wrote the review is an early Fig. 2 . An illustrative example on the stage division using Roger's theory [8] . The x-axis denotes the adoption time. The probability ranges for the three review categories early, majority, and laggards are ½0; 0:16Þ, ½0:16; 0:84Þ, and ½0:84; 1, respectively.
4. https://www.yelp.com/dataset reviewer. We can count the number of times that a user has acted as an early reviewer, i.e., the number of early reviews she has posted.
Early Reviews Present Power-Law Probability Distribution. In Fig. 3 , we plot the statistics of the number of users versus the number of early reviews that a user has posted. It can be observed that the distribution of data points is very similar to power law. Both figures indicate that the vast majority of users acted as early reviewers very few times. Based on our statistics, about 70 and 85 percent users in Amazon and Yelp datasets acted as early reviewers no more than ten times. Such results are consistent with our intuition: Early reviews are about a small and emerging market segment; Most users are cautious when making purchase decisions.
Product Category Influences user's Enthusiasm of Adopting New Products. We further examine more closely the statistics by each product category. Our datasets contain products from twenty main categories. For each category, we compute the number of early reviews that a user has posted for the products within this category. We discretize users into three bins based on the total number of early reviews they have posted: ½0; 50, ð50; 100 and ð100; þ1Þ in Amazon dataset and ½0; 10, ð10; 20 and ð20; þ1Þ in Yelp dataset and present the results in Figs. 4 and 5. It is interesting to see that different product categories tend to get different number of early reviews from users. For example, in the Baby category in Amazon dataset, over 97 percent users posted less than 50 early reviews. This shows that users are more cautious in adopting new products for babies. In Yelp dataset, over 25 percent users posted more than 10 early reviews in the Fashion category. This indicates that users are more likely to adopt new fashionable products.
QUANTITATIVELY ANALYZING THE CHARACTERISTICS OF EARLY REVIEWERS
It has been reported that early adopters are important to the diffusion of innovations [8] . Hence, we hypothesize that early reviewers play a key role in future product adoptions.
There has been a lack of quantitative analysis of the correlations between the early reviewers and product adoptions on large datasets, i.e., Amazon and Yelp. In this section, we study how early reviewers are different from others and how they impact product popularity.
Characteristics of Early Reviewers
To understand how early reviewers are different from others, we start with an analysis of their posted early reviews by looking into average ratings of the reviews and helpfulness scores voted by others. Using the categorization method discussed in Section 2, we assign each review into one of the three categories defined in Fig. 2 . Recall that each review is associated with a rating score and votes on its helpfulness. The rating score is in a five-star scale. For helpfulness, in Amazon dataset, we count the number of Yes and No votes respectively and then normalize them to the range of ½0; 1. While in Yelp dataset, users vote on the helpfulness of a review by clicking the Useful button. We count the number of Usefuls as the review's helpfulness score. Given the three categories of reviews, we compute the average ratings and helpfulness scores in each review category. Early Reviewers Tend to Assign a Higher Average Rating Score. We compare the average rating scores of reviews by the three categories in Fig. 6 . It is observed that early reviews are more likely to associate with a higher rating Fig. 3 . #early reviews versus #users. #early reviews is the number of early reviews that a user has posted, i.e., the number of times that a user has acted as an early reviewer of a product. Fig. 4 . The percentage of Amazon users posting early reviews in different bins by product categories. Three bins are considered, i.e., ½0; 50, ð50; 100, and ð100; þ1Þ. score than those from the other two categories. Note that we have removed spam reviews since their ratings tend to be extreme, either too high or too low.
Early Reviewers Tend to Post More Helpful Reviews. We compare the average helpfulness scores of reviews by the three categories in Fig. 7 . Note that Amazon dataset contains both Yes and No votes of reviews, we use the percentage of Yes votes to represent the helpfulness scores of a review. While in Yelp dataset, we use the number of Useful votes as the helpfulness score. Both results in Amazon and Yelp datasets indicate that early reviews are more helpful with higher helpfulness scores than those from the other two categories. This might be caused by the accumulation time of review data: early reviews themselves tend to receive more attention. To reduce the effect of time span, in Amazon dataset, we report both the count of Yes and No votes and the normalized Yes and No votes (i.e., the proportion of Yes and No votes) by the three categories in Table 2 . It can be observed that the counts of both Yes and No votes for early reviews are significantly higher than those of the other two categories, especially the count of Yes votes. The higher normalized Yes votes of early reviews indicates that early reviewers tend to post more helpful reviews. To further understand why early reviews are more helpful, we conduct the analysis on the text length of reviews. Fig. 8 presents the boxplot for the distribution of review length for the three categories. It is observed that on average early reviews are longer than reviews in the other two categories. By inspecting early reviews, we find that long reviews tend to contain much important feedback or comment information about the product attributes or features, which is very helpful as reference resources for users' subsequent purchase.
Connection with Personality Variables Theory. Our above findings can find relevance in the well-known principles in personality variables theory which mainly studies how innovation is spread over time among the participants [8] . The theory emphasizes two important traits of the early adopters:
Principle about personality variables: Earlier adopters have a more favorable attitude toward changes than later adopters;
Principle about communication behavior: Earlier adopters have a higher degree of opinion leadership than later adopters. We can relate our findings to the personality variables theory as follow:
higher average rating scores can be considered as the favorable attitude towards the products; higher helpfulness votes of early reviews given by others can be viewed as a proxy measure of the opinion leadership. Therefore, our analysis results are consistent with the personality variables theory, and provide empirical evidence to the latter.
The Impact on Product Popularity
In this section, we investigate how early reviews impact product popularity. We do not have the actual product purchase transactions in our datasets. However, the number of online reviews of a product indicate the product's popularity since customers usually only write reviews after they make product purchases. As such, for a product, we approximate its daily popularity as the average daily number of reviews posted in the majority stage. In computing popularity values, reviews in both the early and laggards stages are discarded since reviews in the former group are used to identify their impact on product popularity while reviews in the latter group introduce noises for popularity value calculation. We use the rating and helpfulness scores to check the impact of early reviews on the change of popularity. For ease of analysis, we first discretize both kinds of continuous scores into disjoint value intervals. For ratings, we use four bins: ½1; 2, ð2; 3, ð3; 4, ð4; 5 in Amazon and Yelp datasets. For helpfulness scores, we discretize the helpfulness scores of [0,1] into two consecutive bins in Amazon dataset, i.e., A : ½0; 0:5, B : ð0:5; 1; In Yelp dataset, the helpfulness score is represented as the number of Useful votes. We first compute the median and then use the median to discretize a helpfulness score into two bins, namely A : ½0; median and B : ðmedian; þ1Þ. We do not set more bins for helpfulness scores, since using such two bins naturally corresponds to high and low helpfulness. Due to space constraint, we only report the results from six product categories in Amazon and Yelp datasets.
A Higher Average Rating Score of Early Reviews is Likely to Indicate a Higher Product Popularity. Given a product, we first calculate its average rating score of its early reviews, and then assign it to the corresponding rating bin defined above. We present the average daily popularity over the products in different product categories by rating bins in Fig. 9 . Overall, the figure shows a upward trend with the increment of the average rating scores from the early reviews. A Higher Helpfulness Score of Early Reviews is Likely to Increase or Decrease Product Popularity. Different from rating scores, a high helpfulness score does not necessarily indicate positive opinions towards a product. If a negative review gives very good reasons behind its negative feedback, the review is likely to be perceived as helpful by other customers and hence would receive a fairly high number of Yes or Useful votes. Hence, to examine the impact of review helpfulness scores, we need to discriminate between two types of reviews, i.e., positive reviews (a rating of at least four stars) or negative reviews (a rating of at most two stars). We report the daily popularity with different helpfulness bins in Fig. 10 . It is interesting to observe that a higher helpfulness score on positive reviews generally leads to higher product popularity, whereas it is the reverse for negative reviews.
Connection with the Herd Behavior Theory. In economics and sociology, herd behavior is an important concept [13] , [14] , [15] , which describes that individuals are strongly influenced by the decisions of others in various situations. Herd behavior emphasizes the influence from existing adoption behaviors of others, especially the early adopters. It has been verified that online herd behavior occurs when people use the product evaluations of others to indicate product quality on the Web [14] . Our findings can be explained with the herd behavior theory in a specific setting, where existing online adoption information is reflected via the rated reviews. We characterize the influence of early adopters using two metrics, namely average rating and helpfulness scores. Our work provides clear quantitative evidence to the herd behavior through the analysis on two real-world e-commerce datasets. Interestingly, besides the well-known positive influence, we have observed a negative impact of early adopters on product sales when they assign low rating scores to a product.
PREDICTING EARLY REVIEWERS
We have so far shown that early reviews are indeed important to product popularity. Next a practical question is: given a product, can we predict who will become its reviewers at the early stage of its release to market? Such a prediction can have the following potential benefits. First, identifying early reviewers is helpful to monitor and manage early promotion. Second, early reviewers are very likely to be the actual adopters of a product, leading to direct purchase. In what follows, we first formally define the early reviewer prediction task, and then propose a novel embedding-based ranking approach for predictive modeling.
Problem Formulation
Given a product p and a candidate user set U p : fu 1 ; u 2 ; . . . ; u N p g, the task of predicting early reviewers aims to produce a top-K list of users from U p , who would post reviews on p at the early stage of product p in market. Producing a top-K list can be formulated as a ranking problem. We propose to use a ranking function Sðp; uÞ to select users, which measures the likelihood that user u becomes an early reviewer of product p. To learn such a function, we assume that a training set of past early adoption records is available, i.e., fhp i ; L i ig. Each training instance consists of a product p i with a complete lifetime, and L i : hu A major challenge is that our task is a cold-start ranking problem. Since we are interested in the early reviewers of a product, the predictions should be made when a new product is just released. We will have very little and sometimes even no observed user behavior data at the early stage of a new product. Inspired by previous cold-start recommendation algorithms [25] , we propose to utilize side information to help with this ranking problem. We assume that a product p is with a category label c p and a title description t p and use the two types of side information to learn product representations or embeddings as will be discussed in Section 5.2.
A Competition-Based Viewpoint to the Ranking Task. To address the ranking problem, we draw our inspiration from multiplayer competition to develop our approach. Generally speaking, given a product p and two candidate users u and u 0 , we seek to model the partial order between them. We consider the review posting process as multiplayer competition [26] : only the most competitive users can become the early reviewers w.r.t. a product. The competition process can be further decomposed into multiple pairwise comparisons between two player. A competition is carried out between two users given a product. In a two-player competition, the winner will beat the loser with an earlier timestamp. Formally, we use u 1 p u 0 denote that user u has an earlier review timestamp than u 0 for product p. Competition-based ranking Fig. 9 . Daily popularity versus different rating bins for six product categories. The y-axis denotes the average popularity per day over the products in a category. We discretize the early review rating score of [1, 5] into four consecutive bins, i.e., A : ½1; 2Þ, B : ½2; 3Þ, C : ½3; 4Þ, and D : ½4; 5. Fig. 10 . Daily popularity versus different helpfulness bins for six product categories in Amazon and Yelp datasets. We consider two kinds of reviews, i.e., positive reviews (red lines) and negative reviews (blue lines). The y-axis denotes the average popularity per day over the products in a category. In Amazon dataset, we discretize the helpfulness scores of [0, 1] into two consecutive bins, i.e., A : ½0; 0:5, B : ð0:5; 1.
In Yelp dataset, we use the median to set the two bins for helpfulness scores: A : ½0; median, B : ðmedian; þ1Þ.
has been previously explored for community question answering [27] and player ranking [26] . However, to the best of our knowledge, it has never been explored for early reviewer or early adopter prediction.
A Margin-Based Embedding Model for Predicting Early Reviewers
The essence of this task is to model the partial order between two candidate users u and u 0 given a product p. Hence, we can cast the total order ranking problem into a pairwise comparison problem. Inspired by the recent progress in distributed representation learning [16] , [17] , we propose to use an embedding model for this task. We assume that both users and products are mapped into a latent space. In this way, a user u is modeled with a low-dimensional representation vector v v u , and a product p is modeled with a low-dimensional dense representation vector v v p . In the embedding space, we can reconstruct the partial order relations in the training set and learn the model parameters.
Modeling the Pairwise Comparison
Based on the embedding representation, we can define the objective function Sðp; uÞ as an inner product between user and product embeddings, i.e.,
Sðp; uÞ
In the embedding space, it is expected that v v
0 . Given the original training set A ¼ fhp i ; L i ig, we first transform them into a set of partial order pairs T ¼ fu 1 p u 0 ju; u 0 2 L p g, where L p is the reviewer list of product p.
To learn such embeddings, we minimize a margin-based ranking criterion [17] over the training set T :
where ½x þ ¼ maxð0; xÞ and m is the margin coefficient set to 0.1 in our experiments. The objective function in Eq. (2) is very intuitive. When u 1 p u 0 and Sðp; uÞ < Sðp; u 0 Þ, there would incur a cost. We would like to optimize the objective function by trying to fit all the partial order pairs u 1 p u 0 .
Learning the Product Embeddings
A major problem with the above objective function is that the learning of product embeddings relies on the past review data. When a new product is released, we are not able to learn its embedding since no review data exists. Recall that a product p is with a category label c p and a title description t p . These two kinds of side information can be used to pre-train the product embeddings. A title description is a sequence of word tokens. To learn effective semantic representations for text, word2vec is a commonly adopted model. It will be possible if we can utilize the learned word embeddings to derive the product embeddings in current cold-start setting. To achieve this, a simple method will be to aggregate the embeddings of the words in the title description of a product as its embedding. In our work, we borrow the idea from the doc2vec model [28] which learns feature representations from variable-length pieces of texts, and produces the representations for both documents and words. The document embedding in doc2vec can be used to summarize the information of the entire text in a document. If we consider a title of a product as a document, doc2vec will produce a representation for the product. In the CBOW architecture of word2vec, each word w i is generated based on its surrounding word context w iÀc : w iþc , i.e., modeling Prðw i jw iÀc : w iþc Þ. As a comparison, in doc2vec, a doc ID is also incorporated into the context of word w, i.e., modeling Prðw i jw iÀc : w iþc ; t p Þ, where t p represents the title of a product p. In our data, we also have the category label for a product. As shown in Figs. 4 and 5, the category information has an impact on early user adoption behaviors. To incorporate both the title and category label, we model the generative probability Prðw i jw iÀc : w iþc ; t p ; c p Þ. The title t p will influence the generation of all the words in the title description of a product p, while the category will serve as the context of all the title words from the products in this category. To derive the word context, average pooling is used. Based on the context, the word generation is modeled with the softmax function as a multi-classification problem. Since we incorporate the product category label here, we call our model labeleddoc2vec. Although we only consider product title and category here, it is possible to extend our model to incorporate other information, such as the brand of a product.
We assume that all the embeddings (except the final embedding v v u and v v p in Eq. (2)) 
Learning the User Embeddings
To learn the embedding parameters in Eq. (2), we can simply apply Stochastic Gradient Descent (SGD) for updating user embeddings fv v u g and product embedding fv v p g. However, the available review data of a product may not be sufficient for training its product embedding well, especially for new products which have received few reviews. To handle the cold start problem, we incorporate the title and category information to pre-learn the product embeddings v v p . During the learning process, we fix the product embeddings obtained with the labeled doc2vec, and only optimize the user embeddings.
To learn our parameters, we propose to use SGD for optimization. The detailed optimization procedure is described in Algorithm 1. All embeddings for users are first initialized randomly according to uniform distribution, the strategy proposed in [29] . At each main iteration of the algorithm, a training triplet hp; u; u 0 i, where we have the partial order u 1 p u 0 , is sampled from the training set for optimizing the margin-based ranking criterion function 'ðT Þ. The parameters, i.e., user vectors v v u and v v u 0 , are then updated by taking a standard gradient descent step. Assume that the number of reviews of a product is n, the total number of comparison pairs that can be generated is roughly estimated as Oðn 2 Þ. When the number of products is very large, the number of comparison pairs will become enormous. A commonly used acceleration method for stochastic gradient descent is to use random sampling over the instances in the training set. However, we argue that all comparison pairs should not be treated equally. Recall that each review is assigned with a category label in a complete product lifetime, i.e., early, majority and laggards. We are more interested in deriving more accurate comparisons between an early reviewer and a non-early reviewer. Hence, we keep all the comparison pairs involving an early reviewer and a nonearly reviewer, while other comparison pairs are selected with random sampling.
Algorithm 1. The Learning Algorithm for User Embeddings
Input training instances T ¼ fu 1 p u 0 ju; u 0 2 Ug, products embeddings set fv v p g, learning rate , margin coefficient m, embedding dimensions L. Output user embeddings fv v u j8u 2 Ug Procedure:
1: initialize user embeddings:
sample a training instance u 1 p u 0 2 T do 6: update user embeddings:
9: until convergence

EXPERIMENTS ON EARLY REVIEWER PREDICTION
In this section, we conduct experiments to evaluate our proposed margin-based embedding model for early reviewer prediction.
Datasets
Since it is unreliable to include users or products with very few reviews for evaluation, we remove the products which are associated with less than 50 reviews in Amazon dataset and 10 reviews in Yelp dataset, and users who posted less than 50 reviews in Amazon dataset and 10 reviews in Yelp dataset. The statistics of the data sets used in our experiment are shown in Table 3 . Note that "#Pairs" indicates the total number of comparison pairs that can be generated in our evaluation set following the method discussed in Section 5.2. Given a product, although its associated reviews in our evaluation set are only a subset of all reviews found about this product in the original dataset, the temporal order of these reviews (and the corresponding reviewers) remains the same. We assign the category labels to reviewers based on the original dataset and use them as our ground truth.
Evaluation Metrics
Given a product, each candidate method will produce an ordered list of users. Hence, we adopt three ranking-based metrics for evaluation of predicting results.
Overlapping Ratio at rank k (OR@k). Given the predicted ordered list of users for a product, OR@k is defined as:
where L ðkÞ and G ðkÞ denote the sets of users returned by a candidate method and obtained by sorting according to actual timestamps for the first k reviewers respectively. Note that when k is larger than the actual number of early reviewers given a product, G ðkÞ would contain users who are not early reviewers.
Hit ratio at rank k (Hit@k). Given the predicted ordered list of users for a product,Hit@k is defined as:
where Iðp; u i Þ returns 1 if u i was an early reviewer for product p in original dataset, and 0 otherwise; and N ðEÞ p is the actual number of early reviewers for product p.
Ratio of Correct Comparison Pairs (RCCP). Since our model is trained from comparison pairs, we also use RCCP to measure the quality of pairwise ranking, which is defined as:
Note that we do not adopt ranking-based correlation coefficient as evaluation metrics (e.g., Spearman or Kendall Tau). For our task, the quality of top predictions for early reviewers are more important to consider. Hence, we mainly use the aforementioned metrics for top-k ranking.
Methods to Compare for Early Reviewer Prediction
Our task is to predict who will become early reviewers of a product. We consider three kinds of methods for comparisons: statistics-based methods, competition-based models and our margin-based embedding ranking model.
Simple Statistics-Based Methods
A straightforward approach to this task is to calculate the number of times (or the ratio) that a user has acted as an early reviewer in history data. Intuitively, if a user has posted many early reviews in the past, she is also likely to post early reviews on a new product. So we use the following metrics to estimate users' ranking score of being early reviewers.
NR: Rank the users simply based on the Number of Reviews (NR) that they have previously posted. NER: Rank the users based on the Number of times that a user has previously acted as an Early Reviewer (NER). PER: Rank the users based on the Proportion that a user has acted as an Early Reviewer (PER). PER is defined as:
PERðuÞ ¼ NERðuÞ NRðuÞ :
SPER: Rank the users based on Smoothed PER. The PER might be biased when NR is small. We propose to use the Smoothed Proportion that a user acts as an Early Reviewer (SPER), which is defined as:
where r ¼ 1 jUj Á P u2U NRðuÞ, and PER avg ¼ 1 jUj Á P u2U PERðuÞ. The above statistics-based methods are only able to generate a single ranklist of users for all the products, which cannot incorporate pairwise comparisons and the product information. We further propose competition-based models and margin-based embedding ranking model.
Competition-Based Models
The competition based methods take competition relation into consideration, which we utilize in our task of predicting early reviewers. We consider four methods for comparison.
TS: [26] : TrueSkill is a Bayesian skill rating system which is designed to calculate the relative skill levels of players in multiplayer games. It assumes that the practical skill level of each competitor u follows a normal distribution Nðm u ; s 2 u Þ, where m is the average skill level and s is the estimation uncertainty. In our experiment, we set the initial values of the skill level m and the standard deviation s of each player to the default values used in [26] . SVMComp: [27] : The SVMComp model learns the weight of each user based on pairwise comparisons using the classic Support Vector Machine (SVM). Given a two-player competition k with a winner u and a loser u 0 , there are two training instances generated: y a ¼ 1; x a ½u ¼ 1; x a ½u 0 ¼ À1 and y
We use the toolkit SVM LibLinear with linear kernel [30] . B-T [31]: Bradley-Terry (B-T) model is a probability model that can predict the outcome of a comparison. It learns a scalar parameter for each of the player from historic pairwise comparison data. These parameters usually represent the ranks or strengths of individuals, with higher ranks favored for the win over lower ranks in future comparisons. Following the method in [32] , we use the maximum likelihood estimation to obtain the strength g u of user u. B-C [32] : The above methods use a single number to represent a player, which is a bit simplistic. In contrast, Blade-Chest (B-C) model learns a multi-dimensional representation for each player from pairwise comparisons. We adopt the open-source code to implement this model. 5 The above four models consider pairwise comparisons between users, but it still can not utilize the information from the product side. In other words, the partial order of two users remains the same for all the products in these models. Hence we propose our margin-based embedding ranking model which involves both competition comparisons and the information of the products and learns the representation of users automatically.
Margin-Based Embedding Model
This is our proposed Margin-based Embedding Ranking Model (MERM) proposed in Section 5.2. To our knowledge, no previous studies applied embedding models for predicting early reviewers. Our model can characterize both user comparison relations and the information from the product side. Hence, it is expected to give better performance than the above baseline methods. Currently, we mainly utilize the title and category information. It will be straightforward to incorporate other kinds of product information as the context of a competition between two users.
For all the methods, we report the performance using five-fold cross-validation. Note that we split data into five folds based on products, i.e., the entire reviews of a product are either in the training set or test set. The parameters of a method are optimized using cross-validation. In B-C, we set the number of dimensions of blade and chest vectors to 200 and 300 in Amazon and Yelp datasets respectively. In our model MERM, we also set the number of embedding dimensions 2L ¼ 200 and 2L ¼ 300 in Amazon and Yelp datasets respectively. For each product, we consider all the users who have posted a review of it as candidate users. To make the evaluation more realistic, we also sample five times of "negative" users who did not review the target product but review other products in the same category.
Results and Analysis
We present the results on early reviewer prediction in Table 4 . It can be observed that the simplest baseline of ranking users based on the number of reviews posted before (NR) performs the worst. It indicates that users posted a large number of reviews are not necessarily active in early adoption of products. NER improves over NR, which shows that a user who has acted as an early reviewer for other products before is more likely to adopt new products in the future. PER, outperforms NER in Amazon dataset, while underperforms NER in Yelp dataset. The smoothed PER, i.e., SPER, performs better than PER. The two comparisonbased baselines B-T and B-C outperform the statistics-based methods only in some cases, and do not yield significant improvement. These results are consistent with the finding previously reported in [27] that a simple ratio based method 5 . https://github.com/csinpi/blade_chest works well when the training data is sufficiently large. Overall, B-C performs better than B-T. Instead of using a single value, B-C adopts a vectorized representation for modeling the player strength. Furthermore, the two competition-based methods TS and SVMComp improve upon all the above baselines. Although SVMComp is slightly better than TS, there is no significant difference between them. TS is a classic competition model for characterizing the player strength, while SVMComp has been shown to be effective in QA expert finding task [27] . These two methods perform best among our baselines.
Our proposed model MERM achieves significant improvement in comparison to all the baselines. Compared with other baselines which only measure the earliness level of a user with a single value, MERM learns the mutil-dimensional representation of users from comparative pairs. Although B-C also adopts a mutil-dimensional representation for modeling player strength, it does not perform very well in our task. A possible reason is that B-C needs to learn more parameters (i.e., both blade vectors and chest vectors); while, in our datasets, the comparison pairs for training are sparse. The key difference of MERM is that it learns product embeddings also based on the side information involving both the title and category information of products. It effectively projects both product and user embeddings into the same continuous space for direct comparison and ranks users by optimizing a margin-based ranking objective function in a product dependent manner.
In our second sets of experiments, we further examine the impact of the amount of training data on the results of early reviewer prediction. We present the results of Amazon dataset, the results of Yelp dataset are similar and are omitted here. By fixing the test data at 20 percent, we vary the remaining 80 percent training data at five different splits: f20%; 40%; 60%; 80%; 100%g. The results are presented in Fig. 11a . Overall, we observe that all the methods suffer from performance drop with the decrement of training data. Our method MERM performs generally better than other methods with any amount of training data. We also vary the number of dimensions (i.e., 2L) for user and product representation in B-C and MERM, and report the results in Fig. 11b . It can be observed that the dimensionality of 200 yields the best performance.
RELATED WORK
Our current study is mainly related to the following three lines of research.
Early Adopter Detection
The term of early adopter originates from the classic theory for Diffusion of Innovations [8] . An early adopter could refer to a trendsetter, e.g., an early customer of a given company, product and technology. The importance of early adopters has been widely studied in sociology and economics. It has been shown that early adopters are important in trend prediction, viral marketing, product promotion, and so on [4] . Moreover, the influence of early adopters is closely related to the studies of herd behavior [6] , [13] , [14] , [15] , [18] , [19] , [20] , which describes that individuals are strongly influenced by the decisions of others, such as in stock market bubbles, decisionmaking, social marketing and product success. As for product marketing, consumers frequently select popular brands because they believe that popularity indicates better quality [13] . For example, in digital auctions, buyers tend to bid for listings that others have already bid for, while ignoring similar or more attractive unbid-for listings [33] . Similarly, an experimental study shows that the social influence of early adopters' choices of songs leads to both inequality and unpredictability of the songs in terms of download counts [3] . Some further investigations also reveal that product evaluations from previous adopters, such as star ratings and sales volume, influence customers' online product choices [13] . The analysis and detection of early adopters in the diffusion of innovations have attracted much attention from the research 
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community. Generally speaking, three elements of a diffusion process have been studied: attributes of an innovation, communication channels, and social network structures [8] . Early studies are mainly theoretical analysis at the macro level [5] , [34] . With the rapid growth of online social platforms and the availability of a high volume of social networking data, studies of the diffusion of innovations have been largely conducted on social networks, including resource-constrained networks [9] , following or retweet networks [10] , user-click graphs [12] and text-based innovation networks [11] .
Modeling Comparison-Based Preference
Comparison-based preference has been studied for several decades [31] , [35] , [36] , and a survey of the classic approaches and methods was given in [37] . By modeling comparisonbased preference, we can essentially perform any ranking task. For example, in information retrieval (IR), learning to rank aims to learn the ranking for a list of candidate items with manually selected features [38] . Three categories of widely used learning to rank approaches include pointwise, pairwise and listwise methods [39] . Apart from IR, the competition-based ranking methods have also been widely studied in games and matches, where the aim is to evaluate the skill level of each involved player [40] , [41] , [42] , [43] . These studies typically only use a scalar value as the measure of the skill rating of an individual player. For example, based on the two-player model [44] , TrueSkill ranking system [26] developed by Microsoft uses a univariate Gaussian distribution to model each player's skill and uncertainty. There are also studies that aim at inferring each player's strength through learning from group competition [45] , [46] . These methods represent the properties of each item or player as a single number, which can not well adapt to many complex real-world settings. To address this problem, several studies propospe to use more expressive ways of modeling players, such as generalized Bradley-Terry model with vectorized representations for the preference ranking task [47] , [48] . More recently, Chen et al. have proposed to use multidimensional representations to capture both intransitivity [32] and context information [49] for modeling pairwise comparison relations. In sociology, it is a common sense that competition is usually correlated with expertise [50] . Following this, many studies try to model the expertise level of a user using a competition-based ranking approach, e.g., community question and answering platforms [27] , [51] and generalized crowdsourcing systems [50] , [52] .
Distributed Representation Learning
Since its seminal work [53] , distributed representation learning has been successfully used in various application areas including natural language processing (NLP), speech recognition and computer vision. The main idea of distributed representations is to utilize low-dimensional dense vectors to represent information entities. For example, in NLP, several semantic embedding models have been proposed, including word embedding [16] , phrase embedding [54] , and sentence embedding [55] . Word embedding models such as word2vec [16] , have generalized the classic n-gram language models by using continuous variables to represent words in a vector space and have been successfully applied to capture latent semantics for NLP tasks.
Specially, word2vec has given two major model architectures, namely skip-gram (SG) and continuous bag-of-words (CBOW). SG predicts the surrounding words based on the current word, while CBOW predicts the current word using the surrounding words as contexts. In CBOW, the contextual information is modeled as an embedding vector using an average pooling over the embeddings of surrounding words. Based on word2vec, doc2vec [55] further incorporates the document-specific embeddings into the word2vec model. Similar to word2vec, it also provides two model architecture: distributed bag-of-words model and distributed memory model. More recently, the concept of distributed representations has been extended beyond pure language modeling to various text related tasks, such as knowledge graph completion [17] , [56] , text-based attribute representation [57] and multimodal modeling [58] . In addition to model text data, the distributed representation approach has been widely applied to various applications in other fields, such as network analysis [59] and recommendation [60] , [61] , [62] .
Summary
Our work is also related to the studies on mining review data [63] , [64] . However, we focus on characterizing early reviews and detecting early reviewers, which is different from the existing works on extracting opinions or identifying opinion targets (or holders) from review data. To our knowledge, it is the first time that the task of early reviewer analysis and detection has been investigated on the real-world e-commerce review datasets, i.e., Amazon and Yelp. We propose a novel margin-based embedding ranking model in a competition-based framework, which has never been adopted in early adopter detection. In addition, we extend the original competition-based framework by incorporating important side information about products. We also use a distributed representation approach to address the cold-start problem. Our empirical analysis has confirmed a series of theoretical conclusions from the sociology and economics.
CONCLUSION
In this paper, we have studied the novel task of early reviewer characterization and prediction on two real-world online review datasets. Our empirical analysis strengthens a series of theoretical conclusions from sociology and economics. We found that (1) an early reviewer tends to assign a higher average rating score; and (2) an early reviewer tends to post more helpful reviews. Our experiments also indicate that early reviewers' ratings and their received helpfulness scores are likely to influence product popularity at a later stage. We have adopted a competition-based viewpoint to model the review posting process, and developed a margin-based embedding ranking model (MERM) for predicting early reviewers in a cold-start setting. In our current work, the review content is not considered. In the future, we will explore effective ways in incorporating review content into our early reviewer prediction model. Also, we have not studied the communication channel and social network structure in diffusion of innovations partly due to the difficulty in obtaining the relevant information from our review data. We will look into other sources of data such as Flixster in which social networks can be extracted and carry out more insightful analysis. Currently, we focus on the analysis and prediction of early reviewers, while there remains an important issue to address, i.e., how to improve product marketing with the identified early reviewers. We will investigate this task with real e-commerce cases in collaboration with e-commerce companies in the future.
